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Abstract

Neuronsin areaV4 haverelatively largereceptivefields(RFs),somulti-
ple visualfeaturesaresimultaneously“seen”by thesecells. Recordings
from single V4 neuronssuggestthat simultaneouslypresentedstimuli
competeto set the output firing rate, and that attentionactsto isolate
individual featuresby biasingthe competitionin favor of the attended
object. We proposethatbothstimuluscompetitionandattentionalbias-
ing arisefrom thespatialsegregationof afferentsynapsesontodifferent
regionsof theexcitabledendritictreeof V4 neurons.Thepatternof feed-
forward,stimulus-driveninputsfollows from a Hebbianrule: excitatory
afferentswith similar RFstendto grouptogetheron the dendritic tree,
avoiding randomlylocatedinhibitory inputswith similar RFs.Thesame
principle guidesthe formation of inputs that mediateattentionalmod-
ulation. Using both biophysicallydetailedcompartmentalmodelsand
simplifiedmodelsof computationin singleneurons,wedemonstratethat
suchanarchitecturecouldaccountfor theresponsepropertiesandatten-
tional modulationof V4 neurons.Our resultssuggestan importantrole
for nonlineardendriticconductancesin extrastriatecorticalprocessing.

1 Intr oduction

Neuronsin higherregionsof visualcortex have relatively largereceptive fields(RFs): for
example,neuronsrepresentingthecentralvisualfield in macaqueareaV4 have RFsup to���

across(Desimone& Schein,1987). SuchlargeRFsoftencontainmultiple potentially
significantfeaturesin a singleimage,leadingto thequestion:How cantheseneuronsex-
tractinformationaboutindividualobjects?MoranandDesimone(1985)showedthatwhen
multiplestimuli arepresentwithin theRFof aV4 neuron,attentioneffectively reducesthe
RF extentof thecell, sothatonly theattendedfeaturecontributesto its output.Desimone
(1992)notedthatoneway thismodulationcouldbeperformedis to assigninput from each
RF subregion to a singledendriticbranchof the V4 neuron;modulatoryinhibition could
then“turn off ” branches,sothatsubregionsof theRFcouldbeindependentlygated.

Recentexperimentshaverevealedamoresubtlepictureregardingboththeinteractionsbe-
tweensimultaneouslypresentedstimuli andtheeffectsof attentionalmodulation.Record-



ings from individual V4 neuronshave shown that simultanouslypresentedstimuli com-
peteto settheoutputfiring rate(Luck, Chelazzi,Hillyard, & Desimone,1997;Reynolds,
Chelazzi,& Desimone,1999). For example,considera cell for which stimulus � , pre-
sentedby itself, producesa strongresponseconsistingof � spikes,andstimulus � pro-
ducesaweakresponseof � spikes.Presentingthetwo stimuli � and � togethergenerally
producesanoutputlessthan � but morethan � . Note that the “weak” stimulus � is ex-
citatoryfor thecell whenpresentedalone,sinceit increasestheresponsefrom 0 to � , but
effectively inhibitory whenpresentedtogetherwith “strong” stimulus � . Attentionserves
to bias the competition,so that attendingto � would increasethe outputof the V4 cell
(moving it closerto � ), while attendingto � would decreasetheoutput(moving it closer
to � ). To describetheir results,Reynoldset al. (1999)proposeda mathematicalmodelin
which individual stimuli bothexcite andinhibit theV4 neuron.Thesumof excitatoryand
inhibitory input is actedon by divisive normalizationproportionalto the total strengthof
input to producea competitive interactionbetweensimultaneousstimuli. Attentionis then
implementedasa multiplicative gainon bothexcitatoryandinhibitory input arisingfrom
theattendedstimulus.

In previouswork usingbiophysicallydetailedcompartmentalmodelsof neuronswith ac-
tive dendrites,we observedthat increasingthestimuluscontrastproduceda multiplicative
scalingof thetuningcurveof a complex cell (Archie& Mel, 2000,Fig. 6g),suggestingan
implicit normalization.In thepresentwork, we testthefollowing hypotheses:(1) segrega-
tion of input ontodifferentbranchesof anexcitabledendritictreecouldproducecompet-
itive interactionsbetweensimultaneouslypresentedstimuli, and(2) modulatorysynapses
on activedendritescouldbea generalmechanismfor multiplicativemodulationof inputs.

2 Methods

We usedboth biophysicallydetailedcompartmentalmodelsanda simplified modelof a
singlecorticalneuronto testwhethercompetitionandattentionalbiasingcouldarisefrom
interactionsbetweenexcitatory and inhibitory inputs in a nonlineardendritic tree. An
overview of the input segregationcommonto both classesof model is shown in Fig. 1.

Biophysically detailedcompartmental model. Thedetailedmodelincluded4 layersof
processing:(1) anLGN cell layerwith center-surroundRFs;(2) a virtual layerof simple-
cell-like subunits which weredrawn from elongatedrows of ON- andOFF-centerLGN
cells— virtual in that thesubunit computationswereactuallycarriedout in thedendrites
of theoverlying complex cells, following Mel, Ruderman,andArchie (1998)andArchie
andMel (2000); (3) an �	�
� grid of complex cells, eachof which contained4 subunits
with progressively shiftedpositions/phases;and(4) asingleV4 cell in thetop layer, which
receivedinput from thecomplex cell layer. Layers3 and4 areshown in Fig. 2.

TheLGN wasmodeledas4 arrays(ON- andOFF-center, left andright eye) of difference-
of-Gaussianspatialfilters, asdescribedin Archie andMel (2000).Responsesof thecorti-
cal cellswerecalculatedusingtheNEURON simulationenvironment(Hines& Carnevale,
1997). Complex cells contained4 basalbranches,each1 � m in diameterand150 � m
long; one apical branch5 � m in diameterand 250 � m long; a sphericalsoma20 � m
in diameter;and an axon 0.5 � m in diameterand 1000 � m long with an initial seg-
ment 1 � m in diameterand 20 � m long. Hodgkin-Huxley-style Na� and K � conduc-
tanceswere presentin the membraneof the entire cell, with 10-fold higher density in
the axon ( ��������������������! #"%$�& (')�*�����+�������� ,"%$ ) than in the somaand dendrites
(  ��� �-��� ���+�.���� ,"%$�&  ' �-��� ���/�0���� ,"%$ ). The V4 cell was modeledwith the same
parametersasthecomplex cells,but with 8 basalbranchesinsteadof 4.
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Figure1: Segregationof excitatoryandinhibitory inputs. Two sourcesof stimulus-driven
input areshown, S2 andS$ , eachcorrespondingto anindependentlyattendablesubregion
of theRF of theV4 cell. Note thateachsourceof stimulus-driveninput makesbothexci-
tatoryprojectionsto a specificbranchon the V4 cell, andinhibitory projections(through
an interneuron)to otherbranches.Similarly, the modulatoryinputsA 2 andA $ eachdi-
rect attentionto a particularbranch;for example,A 2 addsexcitatory modulationto the
branchcorrespondingto the S2 RF subregion and (indirectly) inhibitory modulationto
otherbranches.
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Figure2: Designof the biophysicallydetailedmodel. Complex cells werearrangedin a
grid with overlappingRFsandsimilar orientationpreferences.Eachverticalstripeof cells
formedan RF subregion to which attentioncould be directed. Eachcomplex cell within
a subregion formed oneexcitatory andone (indirect) inhibitory connectiononto the V4
cell. Synapselocationswereassignedat randomwithin a givenV4 branch.All excitatory
connectionsfor agivensubregionweretargetedto asinglebranch,while thecorresponding
inhibitory synapsesweredistributedacrossall of theotherbranchesof thecell. Attentional
modulatoryandbackgroundsynapses,bothdescribedin thetext, arenot shown.



Excitatorysynapsesweremodeledashaving bothvoltage-dependent(NMDA) andvoltage-
independent(AMPA/kainate)components,while inhibitory synapseswerefastandvoltage-
independent(GABA-A). All synapsesweremodeledusingthekineticschemeof Destexhe,
Mainen,andSejnowski (1994),with peakconductancevaluesscaledinverselyby thelocal
input resistanceto reducethedependenceof localEPSPsizeonsynapselocation.

The complex cells received input from the LGN, using the spatialarrangementof exci-
tatory and inhibitory inputs describedin Archie and Mel (2000), with inhibitory inputs
distributedthroughouttheinputbranches(ratherthan,e.g.,beingrestrictedto theproximal
part of the branch). We have previously shown that this arrangementof inputsproduces
phase-andcontrast-invarianttuningto stimulusorientation,similar to thatseenin cortical
complex cells. All 64 complex cellshadthesamepreferredorientation,which we will for
conveniencecall vertical.For eachstimulusimage,eachcomplex cell wassimulatedfor 1
secondandtheresultingfiring ratewasusedto settheactivity level of oneexcitatoryand
oneinhibitory synapseonto theV4 cell. The inhibition wasassumedto emanatefrom an
implicit inhibitory interneuronin V4. The stimulus-driven inputsto the V4 neuronwere
modeledasPoissontrainswhosemeanratewassetto thecorrespondingcomplex cell fir-
ing ratefor excitatory synapses,and ��� 4 timesthe correspondingcomplex cell firing rate
for inhibitory synapses.The inputswerearrangedon the V4 cell so that all of the com-
plex cellswith RFsdistributedalonga verticalstripeof the V4 RF (i.e., alignedwith the
preferredorientationof thecomplex cells)formedonesubregionandmadetheirexcitatory
projectionsto a singlebranch(Fig. 2). Theinhibitory synapsefrom eachcomplex cell was
placedon a differentbranchthanthe correspondingexcitatory synapse,with the specific
locationchosenat random.

Attentionwasimplementedby placingtwo modulatorysynapsesoneachbranch,oneexci-
tatoryandoneinhibitory. In theabsenceof attention,all modulatorysynapseshada mean
eventrateof 0.1Hz. Attentionwasdirectedto a particularsubregionby increasingthefir-
ing rateof theexcitatorymodulationonthecorrespondingbranchto 100Hz,andincreasing
the inhibitory modulationon all otherbranchesto 67 Hz. Eachbranchof theV4 cell also
receiveda singleexcitatorysynapsewith meanfiring rate25 Hz, representingbackground
(non-stimulusdriven) input from the cortical network. Thesesynapsesprovidedmostof
theinputneededfor thecell to fire actionpotentials,while thestimulus-driveninputsmod-
ulatedthefiring rate.

Therationalefor thespatialarrangementof synapseswasthatcoalignedcomplex cellswith
overlappingRFswouldhavecorrelatedresponsesovertheensembleof imagesseenduring
earlypostnataldevelopment,andwould thustendto congregatewithin thesamedendritic
subunits accordingto Hebbiandevelopmentalprinciples. Similarly, excitatory synapses
would tendto avoid inhibitory synapsesdriven by the samestimuli, sinceif the two are
neareachotheron thedendrite,theefficacy of theexcitation is systematicallyreducedby
thecorrespondinginhibition.

Sum of squared filters model. We have previously proposedthatan individual cortical
pyramidalneuronmay carry out high-ordercomputationsthat roughly fit the form of an
energymodel,i.e.,asumof half-squaredlinearfilters,with electrotonicallyisolatedregions
of thedendritictreeperformingthequadraticsubunit computations.Only excitatoryinputs
werepreviouslyconsidered,leaving openthequestionof how inhibition mightfit in sucha
model.An obviousimplementationof inhibition is to simplysubtractthemeanfiring rates
of inhibitory inputs, just asexcitatory inputsareadded.The sum-of-squaresmodel thus
hastheform: 57698;:<�>=@?�6A6B=DCFE�GIH�� C9JKC :L�M:N$ , where OP� denotesO if O
Q�� , � otherwise;R ? is thesetof inputs S thatprojectto branchT ; and � C is UV� if input S is excitatory, WX�
if inhibitory. We consideredbotha “paper-and-pencil”model,in which we hand-selected
inputvaluesfor eachstimuluswith aneye towardseaseof interpretation;andalsoamodel
in which thetabulatedcomplex cell outputrates(from layer3 of thedetailedmodel)were
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Figure3: Resultsfrom thebiophysicallydetailedmodel. In thetop row, strongandweak
visual stimuli areshown at left, andcombinedstimuli in threeattentionalconditionsare
indicatedat right. Bar graphshows responseof simulatedV4 cell undereachof these5
conditions,averagedover 192runs. Combinedstimulusin theabsenceof attentionyields
outputbetweentheresponsesto eitherstimulusalone.Attentionto eitherthestrongor the
weakstimuluspushesthecell’s responsetowardtheindividual responsefor thatstimulus.

usedasinput.

3 Results

Detailedmodel. A strongstimulus(averticalbar)andaweakstimulus(abarof thesame
length,turned ` � � from vertical)wereselected.Figure3 shows the stimulusimagesand
simulatedV4 cell responsefor eachstimulusaloneandfor thecombinedstimulusin various
attentionalstates.In theabsenceof attentionwithin thereceptivefield (attentionaway),the
responseof thecell to thecombinedimagelay betweentheresponsesto thestrongimage
aloneor theweakimagealone.This intermediateresponseis consistentwith theresponses
of many V4 cells undersimilar conditions,and is the resultof the competitionbetween
excitatory and inhibitory inputs: becauseof the spatialsegregation, inhibitory synapses
driven by one stimulusselectively underminethe effectivenessof excitation due to the
other.

This competitionbetweenstimuli wasalsobiasedby attentionalmodulation(Fig. 3). At-
tendingto the strongstimuluselevatedthe responseto the combinedimagecomparedto
the conditionwhereattentionwasdirectedaway, thusbringing the responsecloserto the
responseto thestrongstimulusalone.Similarly, attentionto theweakstimulusloweredthe
responseto thecombinedstimulus.

Sum of squared filters. We useda 4-subunit sum-of-squaresmodelfor illustrative pur-
poses.A stimulusin this model is a 4-dimensionalvector, with eachcomponentrepre-
sentingthe total input (excitatory positive, inhibitory negative) to a singlesubunit. Most



stimuli testedhadequalexcitatoryandinhibitory influence,sothatthesumof thecompo-
nentswaszero,andhadexcitatoryinfluenceconfinedto onesubunit (i.e., thefeatureswere
smallcomparedto theentireV4 RF).Oneexamplesetof stimulusvectorsfollows,with 8
indicatingthatstimulus8 is attended(implementedby addingamodulatoryvalueof UV� to
theattendedbranch,and WX� to all others):a � b � &#Wc�d&#WX��&/Wc��efWhg � � Ui�cUi�cUj� �k� �l � bmWX��&#WX��&#WX��&n4!efWhg �cUi�cUi�cUjo �Doa U l � b ph&#Wq4�&#Wc�P&/�,e Whg � ` Ui�cUi�cUr�s�t��ua U l � b � &#Wvph&#Wq4d&n�!e Whg � � Ui�cUi�cUj� �k� �a U l � b 4�&#Wvph&#Wq4d&w��e Whg ocUi�cUi�cUxp �t�/4
This simple model gave qualitiatively correct results. Somestimuluscombinationswe
consideredgave resultsinconsistentwith thebiased-competitionmodel— e.g.,theabove
situationwith l �yb�WX��&/WX��&A4�&#WX�#e . Themostcommontypeof failurewasthatattending
to the strongstimulusin the combinedimageled to a larger responsethanthatproduced
by the strongstimulusalone. We alsosaw this happenfor certainparametersetsin the
biophysicallydetailedmodel,asdescribedbelow; a similar result is seenin someof the
dataof Reynoldset al. (1999). Nonetheless,this simplemodelgivesqualitatively correct
resultsfor a surprisinglylargesetof input combinations.

When the complex-cell output from the detailedmodel was usedas input to a sum-of-
squared-filtersmodelwith 8 subunits,resultsqualitatively similarto thedetailedsimulation
resultswereobtained.For thestimuli shown in Fig. 3, thefollowing resultswereseen(all
responsesin arbitraryunits): with no attention,strong:109,weak: 2.57,combined:84.3;
combined,attentionto strong:106;to weak:80. This simplifiedmodel,like thebiophysi-
cally detailedmodel,is rathersensitive to thevaluesusedfor themodulatoryinputs:with
slightly differentvalues,for example,attendingto thestrongstimulusmakestheresponse
to thecombinedimagehigherthantheresponseto thestrongstimulusalone.In continuing
studies,weareworking to determinewhetherthisparametersensitivity is ageneralfeature
of suchmodels.

4 Discussion

A varietyof previousmodelsfor attentionhaveconsideredhow theRFof corticalneurons
canbedynamicallymodulated(Olshausen,Anderson,& VanEssen,1993;Niebur & Koch,
1994;Salinas& Abbott, 1997;Lee,Itti, Koch,& Braun,1999). Our model,anextension
of theproposalof Desimone(1992),specifiesa biophysicalmechanismfor themultiplica-
tive gain usedin previous models(Salinas& Abbott, 1997; Reynoldset al., 1999),and
suggeststhatboththestimuluscompetitionandattentionaleffectsseenin areaV4 couldbe
implementedby a straightforward mappingof stimulus-driven andmodulatoryafferents,
bothexcitatoryandinhibitory, ontothedendritesof V4 neurons.Theresultsfrom thesum-
of-squared-filtersmodelsdemonstratethat even a crudemodelof computationin single
neuronscan accountfor the complicatedresponsepropertiesof V4 neurons,given sev-
eral quasi-independentnonlineardendriticsubunits anda suitablespatialarrangementof
synapses.In continuingwork, weareexploring thelargespaceof parameters(e.g.,density
of variousionic conductances,ratio of inhibition to excitation,strengthof modulatoryin-
puts)to determinewhich aspectsof theresponsepropertiesarefundamentalto themodel,
andwhich are accidentsof the particularparameterschosen. This work shouldhelp to
identify strongvs. weakexperimentalpredictionsregardingthecontributionsof dendritic
subunit computationto theresponsepropertiesof extrastriateneurons.
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